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Supplementary Material

A. Score Distillation as Particle-Based Variational Inference
Our parameter perturbation and identity gradients build upon the mathematical intuition of the variational score distillation
(VSD) approach [15], an extension of score distillation sampling (SDS) [10]. In this context, the parameters of NeRF during
distillation are treated as particles.

VSD minimizes the KL divergence between a variational distribution qγ(x|c), which is implicitly modeled by γ, and the
target distribution pϕ(x|c), which is implicitly modeled by the diffusion model ϕ. Incorporating timesteps and camera poses,
the objective is formulated as follows:

γ∗ := argmin
γ

Et,ψ
[σt
αt
w(t)DKL(q

γ
t (xt|c, t)∥pϕ(xt|c, t))

]
(1)

where σt

αt
and w(t) are diffusion-related weighting factors, and qγt (xt|c, t) and pϕ(xt|c, t) represent the distributions of

noisy images to be modeled by diffusion models.
To minimize this objective, VSD employs particle-based variational inference based on Wasserstein gradient flow, as

detailed in [1, 2, 8, 14]. Specifically, the Wasserstein gradient flow satisfies:

∂γτ
∂τ

= ∇ · (γτ∇(
∂E

∂γτ
(γτ ))) (2)

In our case, the energy functional E is defined as follows:

E(γ) := Et,ψ
[σt
αt
w(t)DKL(q

γ
t (xt|c, t)∥pϕ(xt|c, t))

]
(3)

In the particle-based variational inference, particles represent samples from the variational distribution. A set of M
particles {θ(i)}Mi=1 ∼ γ is iteratively updated following the velocity of particles [1]: dθτ

dτ = ∇( ∂E∂γτ (γτ )). With the energy
function in Eq. 3, the particles follow the ordinary differential equation (ODE):

dθτ
dτ

=− Et,ϵ,ψ
[
w(t)

(
− σt∇xt log pϕ(xt|c, t)− (−σt∇xt log q

γτ
t (xt|c, t))

∂g(θτ , ψ)

∂θτ

)]
(4)

where τ denotes the ODE time, constrained to τ ≥ 0, and γτ progressively evolves toward the optimal distribution γ∗ as
τ → ∞. In this VSD framework, the gradient of the SDS loss is a specific instance of the equation [15], where a single
particle represents the entire distribution.



B. Resulting Distribution from Parameter Interpolation (Sec. 4.1)
Here, we show that interpolating parameters with η ∈ [0, 1] results in a versatile sampling distribution that interpolates
between a point mass at θsrc and the initial distribution. Given a source parameter θsrc and an initial distribution P(Θ0) with
bounded variance σ2, we define the parameter perturbation as:

θperturbed = (1− η)θsrc + ηθ0, θ0 ∼ P(Θ0), η ∈ [0, 1] (5)

Using the change of variables formula with transformation T (θ0) = (1 − η)θsrc + ηθ0 and its inverse T−1(θperturbed) =
(θperturbed − (1− η)θsrc)/η:

p(θperturbed) = P(Θ0)(T
−1(θperturbed)) · | det(JT−1)| (6)

Since the Jacobian matrix is JT−1 = 1
η Id, where Id is the d-dimensional identity matrix, we have:

p(θperturbed) =
1

ηd
P(Θ0)

(
θperturbed − (1− η)θsrc

η

)
(7)

Here, η controls the degree of interpolation through both a scale factor 1
ηd

and the argument (θperturbed − (1 − η)θsrc)/η of
P(Θ0).

For η → 1, both terms approach simple limits:

lim
η→1

p(θperturbed) = lim
η→1

1

ηd
P(Θ0)

(
θperturbed − (1− η)θsrc

η

)
(8)

= P(Θ0)(θperturbed) (9)

For η → 0, we consider the distribution of θperturbed. By Chebyshev’s inequality, for any ε > 0:

P (|θperturbed − E[θperturbed]| ≥ ε) ≤
η2σ2

ε2
→ 0 as η → 0 (10)

Moreover, since E[θperturbed]→ θsrc as η → 0:

P (|θperturbed − θsrc| ≥ ε)→ 0 as η → 0 (11)

This proves convergence in probability to θsrc. The 1
ηd

factor ensures that the total probability remains 1, while the concen-
tration around θsrc becomes arbitrarily tight as η → 0, characterizing convergence to:

lim
η→0

p(θperturbed) = δ(θperturbed − θsrc) (12)

Thus, we have shown that the interpolation of parameters results in an interpolation between two extremes: a point mass
at θsrc and the initial distribution, and the parameter η controls the degree of interpolation, i.e., the versatility.



Algorithm 1: Parameter Perturbation

Function ParameterPerturbation(η):
θnew ← Initialize new geometry instance
for (θc, θn, θi) in zip(θcurrent, θnew, θinit) do

θc ← (1− η)θi + ηθn // Parameter interpolation
end
Free memory and clear cache

Algorithm 2: Parameter Perturbation with Adaptive η Selection
Input: Empty loss history list L, minimum loss decrease ∆min, maximum parameter perturbation ηmax
Input: Initial NeRF parameters θinit
Function TrainingStep:

if |L| = 50 then
∆L ← LossDecrease(L)
η ← DetermineEta(∆L, ∆min, ηmax)
ParameterPerturbation(η)

end
Proceed with training step
L ← L⊕ {Current step training loss}

Function LossDecrease(L):
Lfinal ← 1

10

∑|L|
i=|L|−10 Li // Average of last 10 losses

Linit ← 1
10

∑10
i=1 Li // Average of first 10 losses

return Lfinal − Linit

Function DetermineEta(∆L, ∆min, ηmax):
return max(0, ηmax(1− 2−(∆L+∆min)/∆min))

C. Algorithms for Parameter Perturbation and Adaptive η Selection
We present the complete algorithms for parameter perturbation in Alg. 1 and the adaptive η selection method in Alg. 2.
The underlying intuition for the adaptive η selection algorithm is that there exists a minimum loss decrease ∆min required
for parameter perturbation and a maximum parameter perturbation ηmax that can be applied without resulting in complete
regeneration of the object. Here, we have two parameters to control, ∆min and ηmax. ∆min is set to 1000 based on observations
that it achieves near-optimal CLIP directional similarity and CLIP directional consistency, as shown in Table 1. ηmax is set to
0.6 based on the finding that the percentage of successful experiments drops significantly when η exceeds 0.6, as shown in
the main paper.
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Figure 1. Original scene, edited scene, and image-level gradients are shown at 0, 2500, and 5000 optimization steps. We can see that the
density forms earlier and changes drastically even when the perturbation is large and barely has any structure.

D. Additional Analyses

Intermediate results from real scene editing. In Fig. 1, we show intermediate results from a real scene editing experiment.
In this experiment, we aim to make the person raise the arms. Despite the initialization having little 3D structure, it converges
faster with the same number of optimization steps. We can see that the density near the raised arms quickly converges
with parameter perturbation, while the original PDS [6] generates blurry results. This demonstrates the effectiveness of our
parameter perturbation approach in various editing scenarios.

Additional ablation study. We present additional ablation study results on ∆min in Table 1. Additionally, we examine
the effects of different values for λL1 and λp in Table 2. Our results demonstrate that our method is relatively robust to
these parameters, with our chosen values achieving a near-optimal balance across metrics. In addition, in Fig. 6, we display
additional visualizations for the selection of η. A-LPIPS [4] is a metric for view consistency between adjacent frames, and
CLIP directional consistency [3] is a metric that computes how much the editing directions differ across frames. Considering
that we showed in the main paper that using fixed values of η ≥ 0.6 had a higher likelihood of causing errors, our method
outperforms approaches using fixed values of η < 0.6 in both metrics while maintaining lower error rates.

Additional comparisons. In Figs. 4 and 5, we showcase additional comparisons with the baseline methods.

Comparisons in 360° views. We present qualitative comparisons with 360° views on our project page.
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